We estimate the effect of political regime transitions on growth with semi-parametric methods, combining difference in differences with matching, that have not been used in macroeconomic settings. Our semi-parametric estimates suggest that previous parametric estimates may have seriously underestimated the growth effects of democracy. In particular, we find an average negative effect on growth of leaving democracy on the order of -2 percentage points implying effects on income per capita as large as 45 percent over the 1960-2000 panel. Heterogenous characteristics of reforming and non-reforming countries appear to play an important role in driving these results.
Introduction
Political regimes can change suddenly, because of coups, popular revolts, or the death of leaders. Such changes provide an opportunity to assess whether economic policies or performance are influenced by political institutions. A number of recent papers have exploited this opportunity. Using more or less the same difference-in-difference methodology, they have all estimated the average effects of democratic transitions on economic growth, or some other measures of economic performance, using a post-war panel data set (see e.g., Giavazzi and Tabellini (2005) , Papaioannou and Siourounis (2004) , Persson (2005) , Persson and Tabellini (2006) , Rodrik and Wacziarg (2004) ). While the difference-in-difference strategy yields interesting results, which are considerably more credible than those from a standard cross-sectional regression, it still rests on strong identifying assumptions. 1 The goal of this paper is to reassess the relation between democracy and growth, while relaxing some of these strong identifying assumptions. To reach this goal, we re-estimate the average effect of political transitions on economic growth by means of semi-parametric methods. Broadly speaking , we combine aspects of difference-in-difference methods with aspects of propensityscore methods, by giving more weight to the comparisons of reforming and non-reforming countries that have similar probabilities of experiencing democratic reform. Specifically, we first estimate the probability of regime change conditional on a number of observable variables. We then use this estimated probability, the propensity score, to evaluate the difference in growth performance between the countries with and without a regime change. Under the standard assumptions in the propensity-score literature (the selectionon-observables and common-support assumptions), this empirical strategy yields consistent estimates of the average effect of political regime changes, in cases when a standard difference in difference strategy would not. A theoretical paper by Abadie (2005) further discusses this approach to estimation. 2 Heckman et al. (1997) evaluate similar non-experimental estimators, using data from a large-scale US social experiment with job training. Blundell et al. (2004) apply a combination of matching and difference in differences when estimating the effect of UK job training programs. To our knowledge, the present paper is the first to apply matching cum difference-in-difference methods in a macroeconomic context. 3 The macro setting raises specific issues that are not present is standard microeconomic applications, such as a relatively small sample and different treatment (reform) dates for different observations.
Our empirical findings suggest that empirically relevant heterogeneities are indeed present across countries, meaning that the flexibility allowed by semi-paramatric methods is important. We show that transitions from autocracy to democracy are associated with an average growth acceleration of about 1 percentage point, producing a gain in per capita income of about 13 percent by the end of the sample period. This 1 percent growth effect is imprecisely estimated, but larger than most of the estimates in the literature using straight difference-in-difference methods (see the references mentioned above). The effect of transitions in the opposite direction is even larger: a relapse from democracy to autocracy slows down growth by almost 2 percentage points on average, which implies an income fall of about 45 percent at the end of the sample. These effects are much larger than those commonly found in the literature.
The paper proceeds to discuss the main econometric issues (Section 2), describe the data (Section 3), and provide a benchmark with the straight difference-in-difference approach (Section 4). We then discuss some preliminaries in the matching procedure (Section 5), present the paper's main results on how democracy affects growth (Section 6), and conclude (Section 7).
Econometric Methods
This section introduces a number of econometric issues and methods to deal with them. Most of it can probably be skimmed through by econometrically proficient readers who are familiar with the methods used in the treatment comes for the treatment group in the absence of treatment.
literature.
Our goal is to estimate the average causal effect of becoming a democracy on economic growth. To simplify the argument, we assume throughout the section that we have access to a sample consisting of data from only two types of countries: "treated" countries that experience a single transition from autocracy into democracy, and "control" countries that remain autocracies throughout the sample period. 4 For each country in this sample, we observe economic growth in country i and year t, y i,t , a dummy variable equal to one under democracy, D i,t , and a vector of covariates, x i,t .
Difference in difference estimates
Several recent papers (see the Introduction) have estimated the average effect of democracy on growth from a panel regression like:
where α i and θ t are country and year fixed effects. This specification seeks to estimate the parameter φ by difference in differences, by comparing average economic growth after the democratic transition minus growth before the transition in the treated countries to the change in economic growth in the control countries over the same period. This estimation method allows for any correlation between the democracy dummy D i,t and time-invariant country features -e.g., that fast-growing countries are more likely to become democratic than slow-growing onessince the growth effects of these country features are all captured by the country fixed effect, α i . Nevertheless, identification rests on an important assumption: the selection of countries into democracy have to be uncorrelated with the country-specific and time-varying shock to growth, ε i,t .
This in turn corresponds to two restrictive assumptions. First, absent any regime change, average growth in treated countries should (counterfactually) have been the same as in control countries (conditional on x i,t ). This would fail, e.g., if democratic transitions are enacted by far-sighted leaders, who have a lasting impact on growth irrespective of the regime change, or if political transitions coincide with other events -such as the economic transitions towards free markets in former socialist countries -that may have a lasting impact on economic growth.
To make this assumption more credible, the existing literature typically attempts to increase the similarity between treated and controls by including in the vector x i,t several covariates, such as initial per capita income, indicators for war years or socialist transitions, indicator variables for continental location (Africa, Asia and Latin America) interacted with year dummy variables, and so on.
The second restrictive assumption is that heterogeneity in the effects of democracy should not be systematically related to the occurrence of democracy itself. Circumstances of regime changes differ widely across time and space, as do the types of political institutions adopted or abandoned. Thus, the effects of a crude democracy indicator are likely to differ across observations. If we neglect this heterogeneity and estimate the average effect of democracy as in (1), the unexplained component of growth,
where φ i,t is the country-specific effect of democracy in country i and year t. Identification of φ now requires heterogeneity in the effect of reforms to be uncorrelated with their occurrence. This assumption fails, e.g., if countries self-select into democracy based on the growth effect of regime changes (e.g., D i,t = 1 more likely when φ i,t > φ).
To cope with this assumption, the dummy variable for democratic transitions is sometimes interacted with other observable features of democratic transitions (such as the nature of democratic institutions that are acquired, or the sequence of economic and political reforms). But this strategy quickly runs into the curse of dimensionality problem. The possible interactions and covariates are simply too many, relative to the limited number of democratic transitions.
Matching estimates based on the propensity score
To circumvent the curse of dimensionality, the recent microeconometric literature has often come to rely on semi-parametric methods based on the propensity score. Typically these applications concern a cross section of individuals. But a few recent papers have combined difference-in-difference estimates with matching based on the propensity score, exploiting repeated observations for the same individuals. Abadie (2005) discusses an estimation strategy that uses the propensity score to carry out estimates in the spirit of difference in differences, while Heckman et al. (1997) and Blundell et al. (2004) provide theory as well as microeconometric applications.
The general idea is very intuitive. Performance -growth, in our casebefore and after the treatment date is observed for the treated group and the control group. Conventional difference in differences compare the average change in performance for all the treated with the average change in performance for all the controls, on the two sides of a common treatment date. The matching approach instead compares each treated individual with a set of "similar" controls, and a difference-in-difference estimate is computed with reference only to the matched controls. This way, controls similar to the treated are given large weight, and controls very dissimilar to any treated observation may even be deemed entirely non-comparable, i.e., they are left unmatched and given zero weight. Similarity is measured by the onedimensional metric of the propensity score, i.e., the probability of receiving treatment conditional on a set of covariates. Basically, the effect of treatment is estimated by comparing groups of individuals with similar distributions of those covariates that enter the estimation of the propensity score.
The microeconometric papers mentioned above discuss the econometric theory behind this methodology, and we refer the reader to these papers for more details. In this section, we confine ourselves to stating and explaining the main identifying assumptions. For this purpose, we need some notation adapted from Persson and Tabellini (2003) and Abadie (2005).
The parameter of interest
As above, let D be an indicator for democracy (D = 1) or autocracy (D = 0). Time is indexed by k, which corresponds to (an average over) years before (k = 0) and after (k = 1) the year of democratic transition. Let Y D i,k denote potential growth of country i in period k and democratic state D (we use the symbol Y, in distinction from y in the previous subsection, since growth in period k is now an average of yearly growth rates during k). The individual treatment effect of democracy in country i and period k is then
, the effect on growth in period 1 if this country switched from autocracy to democracy.
Consider a subset of the treated countries (i.e., countries with D i,1 = 1) with similar (time-invariant) characteristics, X i . The expected effect of democracy on growth in each of these countries is:
where the expectations operator E refers to unobserved determinants of growth in democracy. Our parameter of interest is the average effect of treatment on the treated, namely :
where the outer expectations operator E is taken over X in the part of the sample treated with democracy. This parameter measures the effect of democracy on growth in the countries that actually experienced the transition, relative to what would have happened had they remained autocracies. In other words, the relevant counterfactual is remaining under autocracy. Without additional assumptions, the parameter α does not say anything about what growth would have been if the countries that remained autocracies had instead become democracy (this would be a statement about the effect of treatment on the non-treated).
The fundamental problem of causal inference is that potential growth in the counterfactual regime is not observed. We only observe actual growth in one of the two possible political regimes. In particular, in period 1 we only observe Y 1 i,1 in the countries that actually became democratic (the treated) and Y 0 i,1 in the countries that actually had no transition (the controls). But the term Y 0 i,1 (counterfactual growth in a democracy if it had remained an autocracy) on the right-hand side of (2) is not observed.
Selection on observables
To come up with an observable counterpart to Y 0 i,1 , we can make the key identifying assumption (cf. Abadie, 2005) :
The right-hand side of (3) is the (observed) average change in growth between periods 1 and 0 in countries that remained autocracies throughout (the control group). The left-hand side is the (unobserved) average change in growth that the countries which actually became democracies (the treated group) would have experienced had they remained autocratic. Thus, the critical assumption is that, conditional on X, without their democratic transition the treated countries would have followed a growth path parallel to that of the control countries. This is the analog of the selection on observables assumption in a simple cross-sectional context 5 .
Decomposing the expectations operators on both sides of (3), all the terms are observable except for one:
. Thus, assumption (3) enables us to obtain an observable counterpart of this unobserved counterfactual, that can be used to estimate the parameter of interest in (2) . Intuitively, by conditioning on a large enough set of covariates X, we can replace unobserved period 1 growth under autocracy in the treated countries (the term E(Y 0 i,1 | X i, , D i,1 = 1)) with observed growth under autocracy over the same period (the term E(Y 0 i,1 | X i , D i,1 = 0)) in those control countries that have similar covariates X i . Importantly, this argument does not impose any functional-form assumption on how democracy impacts on growth. Because the relevant conditional expectations in (3) can all be computed non-parametrically, we can estimate our the parameter of interest, α, non-parametrically just by comparing (weighted) mean outcomes. This is the central difference between matching and linear regression. Matching allows us to draw inferences from local comparisons only: as we compare countries with similar values of X, we do not rely on counterfactuals very different from the observed factuals. However, this desirable property requires that any unobserved heterogeneity in the response of growth to democracy be non-systematic across the two groups of countries.
Propensity score and common support
In practice, however, the dimension of X is too large for direct matching to be viable. This is where the propensity score methodology is helpful. An important result due to Rosenbaum and Rubin (1983) implies that comparing countries with the same probability of democratic transition (treatment) given the controls X, is equivalent to comparing countries with similar values of X.
Specifically, let
be the conditional probability that country i has a democratic transition during our sample period, given the vector of controls, X i . This conditional probability is also called the propensity score. Assume that the propensity score is bounded away from 0 and 1 for all countries, an assumption known as the so-called common-support condition:
Rosenbaum and Rubin (1983) show that, in a cross sectional setting, conditioning on the vector X is equivalent to conditioning on the scalar p. If (4) is satisfied in our two-period context, (3) implies:
For countries with similar propensity scores, realized transitions to democracy are random and uncorrelated with growth. We can thus replace the unobserved counterfactual on the left-hand side of (5) with the observed factual on the right-hand side of (5).
What do we gain?
The main advantage of this semi-parametric (semi-parametric because we have to estimate the propensity score) approach over the parametric differencein-difference approach is that it relaxes linearity. We can thus allow for any heterogeneity in the effect of democracy, as long as it is related to the observable covariates X. Suppose e.g., that richer countries are more likely to become democracies, and that democracy also works better in richer countries. Then the linear estimates corresponding to equation (1) would be biased unless we also included an interaction term between income and the democracy dummy. This bias is removed if income is included among the covariates X used to estimate the propensity score. Of course, unobserved heterogeneity remains a problem. Any omitted variable uncorrelated with X that influences both the adoption and the effects of democracy would violate selection on observables. But since -as a practical matter -economic, social and cultural characteristics tend to cluster a great deal across countries, unobserved differences among countries may well correlate with observed differences.
A second advantage of this approach is that it allows a simple diagnostic to check that the distribution of observed covariates is balanced between the countries in the treated group and the control group. If the distribution of a specific covariate is very unbalanced in the two samples of countries, it is important to check if the results are robust to including this variable when estimating the propensity score. Intuitively, if the treated and controls have similar covariates the linearity assumption entailed in conventional difference in difference is just a convenient local approximation. If they do not, the dissimilarity may bias the results.
Of course, there is no free lunch. The main cost of a semi-parametric approach is that the estimates are less efficient than parametric estimates (under the null of the assumed functional form). Given the small samples in macroeconomics relative to standard micro applications, the loss in precision is non-neglible.
Implementation in practice
Our actual sample -unlike the stylized example and typical microeconomic applications like training programs -has different transition dates T i , for different observations i = 1, ..., I. Of course, our estimation procedure will have to cope with this additional complication. Also different from the example in this section, the actual sample includes transitions from democracy to autocracy. This presents no conceptual problems (see further below), however, so we can continue to think about treatment as a transition into democracy. In practice, we implement the estimation in five steps.
(i) We begin by defining a group of treated and a group of control countries and estimate the probability of treatment. This is done in a cross section by means of a logit regression, where the dependent variable equals one for all countries making a transition at some time within the sample and zero for those that don't, and where all the covariates are time invariant. The estimated probability of a transition to democracy is our measure of the propensity score.
(ii) Next, for each country treated with democracy, we compute average growth before and after the date of transition, T i . The difference between these two averaged growth rates is denoted by g i . Thus, we measure
where y i,t is the yearly growth in period t and N b i and N a i are the number of years before and after and the transition date in country i. (The next section describes how we deal with multiple transitions, so for now think about the procedure as applying to a set up where each country has at most one transition in the sample period.) (iii) Subsequently, we match each treated country with some of the controls. For each of these controls, we compute the difference in average growth over the periods before and after the transition date in the treated country they are matched with: the expression is thus identical to (6) , except that y i,t is replaced with y j,t . We denote the resulting variable as g j i where the j superscript refers to a certain country j among the controls and i refers to the treated country. In doing this, we make sure that the years over which g i and g j i are computed exactly coincide. (iv) For each treated country, we then compute the weighted average of the non-parametric difference-in-difference estimatorα i :
where w i,j ≥ 0, j w i,j = 1, are weights based on the propensity score. These weights differ depending on the detailed properties of the matching estimators and some controls may receive zero weight if they are very different from the treated country with which they are matched. The parameterα i is our estimate of the effect of democratic transition on growth in country i. Intuitively, it measures how growth in country i changed after the transition, relative to a weighted average of the (similar) controls it is matched with.
(v) Finally, we compute the average estimated effect of transitions to democracy in the group of treated countries,α, as a simple average of the individualα i estimates, namely:α
where I denotes the number of treated countries in our sample. This is our estimator of the average effect of democracy on growth (the average effect of treatment on the treated). Clearly, this procedure may use each control country several times, as the same controls may be matched with several treated countries and possibly at different dates. This matters for the computation of the standard error of our estimators, since it may introduce correlation between g j i and g j ki.e., between growth in control country j when it is used as a control for treated countries i and k. Of course, the correlation will be positive and higher the closer are the transition dates of i and k, while the correlation between g j i and g j k might even be negative if the transition dates are far part. The appendix provides analytic expressions for the standard error of α under two alternative assumptions: (a) the variables g j i and g j k are independent, (b) the variables g j i and g j k are perfectly correlated. While (b) certainly yields an upper bound, the true standard errors might be lower than under (a) if negative correlation between g j i and g j k is prevalent. When computing the standard errors, we assume that all treated countries have the same variance, as do all control countries. We also neglect that the weights are estimated in a first step (i.e., we treat the propensity score as known). Both assumptions are standard in the applied literature (see, e.g., Lechner, 2000) . 6 
Data and Sample Definitions
Our panel data set includes annual data on economic growth and political regimes for as many countries as possible over the years 1960-2000. Economic growth is measured as the yearly growth rate of per-capita income, and the source is the Penn World Tables. We classify a country as democratic if the polity2 variable in the Polity IV data set is strictly positive. The threshold of 0 for polity2 corresponds to a generous definition of democracy, but has the advantage that many large changes in the polity2 are clustered around 0. This is important, since we want to identify the causal effect of regime transitions on growth exploiting the time variation in the data. A definition of democracy based on a higher threshold for polity2 would classify as democratic transitions also very gradual changes in the underlying indicators of polity2, that are unlikely to be associated with significant changes in political regimes. 7 We also include some other covariates, that will be introduced and defined in context. The resulting panel is unbalanced, partly because of data availability and partly because countries do not enter the data set until their year of independence.
From this panel data set we construct two partly overlapping samples, which are used to study transitions to democracy and autocracy, respectively. When studying transitions into democracy, we include as control countries those that remain autocracies throughout the sample period, while the treated countries are those that experience at least one transition from autocracy to democracy. We call this sample the "democratic transitions" sample. When studying transitions into autocracy, the control countries remain democracies throughout, while the treated countries have at least one transition from democracy to autocracy. This is called the "autocratic transitions" sample.
In selecting these two samples, we had to deal with a number of complications. A few countries experience transitions close to the beginning or the end of the period for which growth data are available. Since we expect it to take some time for transitions to influence growth, we discard the transitions that take place in the last three years of the available sample. We also discard reforms in the first three years of the panel to avoid a poor estimate of growth before the transition. Specifically, we set to missing the observations of growth after (or before) a transition, if the transition is not followed (or preceded) by at least three years of growth data. The country is then considered a control, as if the transition did not occur.
In a few countries, especially in Africa and Latin America, we observe transitions that only last for a few years. We discard those lasting (strictly) less than four years, to avoid hinging the estimation on very short growth episodes. As in the beginning or end of sample transitions, we set growth to missing during the years of these short transitions, and classify the country as if the transition did not occur.
In another few countries, we observe more than one long spell of democracy or autocracy. Chile, for instance, starts out as a democracy in 1960, it becomes an autocracy (the Pinochet regime) in 1973, and it returns to democracy in 1989. This means that Chile is a treated country both when treatment is defined as transition to democracy, and when treatment is defined as transition to autocracy. Therefore, Chile is included as treated in the democratic transitions sample for the years from 1973 (when it first becomes an autocracy) until the end of the sample. It is also included as treated in autocratic transitions sample from 1960 until 1988 (the last year of autocracy). We apply similar sample selection rules to other countries that experience more than one spell in the same regime lasting more than three years.
When transitions are defined in this way, most countries have no more than a single transition in one or both directions. Guatemala, Uganda and Nigeria, however, have two transitions in the same direction. We deal with the transitions in these three countries in two different ways: they are either excluded because the propensity score is outside of the common support range (see below), or included with the transitions in the same direction assumed independent (as if each transition applied to a different treated country).
Difference-in-Difference Estimates
To provide a benchmark, Table 1 presents results from traditional differencein-difference estimation with yearly data. These results correspond to estimates of equation (1) . Column 1 imposes the assumption that the effect on growth of a transition into democracy is the same as the negative of the effect on growth of as transition into autocracy. The effect of democracy is thus estimated in the full sample. As in the earlier papers above, we find that the effect of democratic transitions is positive, inducing a growth acceleration of about 0.5 percentage points. Although not statistically significant, the point estimate is not a trivial effect from an economic point of view. The long-run effect is dampened by the relatively high estimated convergence rate, however. With a convergence rate of 5.5 percent per year, a growth acceleration of about 0.5 percentage points implies a long-run positive effect of democracy on the level of per capita income of almost 10 percent. 8 The remainder of Table 1 does not impose the symmetry constraint, but estimates the effect of democracy separately from transitions to democracy (columns 2 and 3) and transitions to autocracy (columns 4 and 5), allowing these two effects to differ. Note that when estimating the effect of autocratic transitions in columns 4 and 5, we still display the effect of being a democracy, computed as the negative growth effect of transitions away from democracy. In column 2, we let the sample include only the countries that became democracies plus the countries that remained autocracies throughout. 9 In column 3, we add to the sample those countries that remained democratic throughout. Analogously, the sample behind column 4 includes the countries that became autocracies and the more restricted set of countries that remained democratic throughout, while the sample behind column 5 includes both permanent democracies and autocracies. All the estimates in Table 1 convey a similar message: democracy induces a positive, but small and generally insignificant, growth acceleration. The positive effect of transitions to democracy appears larger in absolute value (and in one case statistically significant) than the negative effect of transitions to autocracy.
Matching preliminaries
We now turn to the main contribution of the paper, namely the matching approach to estimating the growth effects of democracy. Before getting to the actual estimates, however, we need to go through a number of preliminary
With estimates φ = 0.5 and β = −0.055, we obtain a long-run income gain of 0.09. i.e., about 9 percent. Since the convergence rate β is likely overestimated in yearly data (due to cyclical fluctuations in income), this is almost surely an underestimate of the long-run income gain.
steps including some diagnostics. This section is devoted to these preliminaries.
Estimating the propensity score
As explained in Section 2, the first step to implement a matching cum difference-in-difference estimator is to estimate the propensity score, the probability of treatment, in a cross section of countries (i.e., ignoring the time dimension). We do this separately for the events of becoming a democracy and becoming an autocracy, because we want to allow the effect of the covariates on the probability of transition to be different for the two events.
In the democratic transitions sample, the dependent variable is thus zero for the countries that remained autocracies, and one for the countries that experienced at least one transition towards democracy. In the autocratic transitions sample, the dependent variable is zero for the countries that remained democracies throughout, and one for the countries that experienced at least one transition towards autocracy. Thus, the samples are partly overlapping (because some countries like Chile appear in both samples). We estimate the propensity score with a logit regression. The selection of the covariates to enter this regression is a crucial decision, that trades off two opposite concerns. On the one hand, the selection on observables assumption would suggest to include many covariates to ensure that the propensity score is indeed a balancing function. On the other hand, we don't want to predict treatment too well, so as not to violate the common-support assumption. Here is an instance, where the macroeconomic setting bites. Most microeconomic application concentrate on the first concern, because the sample is large enough that even rare events -like an actual transition for an observation with a low propensity score -would still occur in large enough numbers to allow meaningful comparisons (and small standard errors). But in our context we also have to worry about not excluding too many countries whose state is predicted too well. Thus, we include a limited number of variables that are likely to influence both the occurrence of regime transitions and its economic effects, and we check the robustness of the results to two alternative specifications. The set of covariates is the same in the democratic and autocratic transitions samples.
To capture differences in economic development, we include real per capita income at the beginning of the sample. As explained above, different countries enter our samples at different dates, depending on political history or data availability. To increase comparability, we measure each country's per capita income in the first year it enters a given sample relative to US per capita income in the same year. We call the resulting variable income relative to the US.
The countries in these samples have very different political histories. Some of them have a long history with entry into democracy in the distant past, or a prolonged autocratic spell. Others became independent some time during the sample period or few years before. To mitigate this important source of heterogeneity, we condition on what Persson and Tabellini (2006b) call domestic democratic capital, which measures the incidence of democracy in each country since 1800 (or since the year of independence, if later). This variable is assumed to accumulate in years of democracy, but to depreciate under autocracy. The depreciation rate is estimated by Persson and Tabellini (2006b) to fit the hazard rates in a time series regression where the dependent variable is exit from democracy and from autocracy. This variable is re-scaled to lie between 0 and 1, where a 1 corresponds to the steady state value of a country never exiting from democracy. In this paper, we measure domestic democratic capital in the first year when a country enters the sample.
Transitions to democracy or autocracy often occur in waves that include several neighboring countries. To capture this phenomenon, we include a variable measuring the geography of democracy around 1993 (the first year in our sample, when we have data for all formerly socialist countries in Central and Eastern Europe). This variable, called foreign democratic capital, is a slight variation on a similar measure used in Persson and Tabellini (2006b) . For each country, it is defined as the incidence of democracy in 1993 among all other countries within a 1750 km radius (the radius refers to the distance between the capitals). By the definition of a share, this variable too lies between 0 and 1, where a 1 captures the case where all countries in the neighborhood are democratic.
Since the sample period varies in length across countries, and since the probability of a regime transition is higher the longer is the duration of the relevant time period, we also control for the length of the period during which we have available data for each country, a variable called length of sample. This variable is introduced to eliminate the possibility that sample length covaries systematically with growth performance.
Wars are often destabilizing for political regimes and, of course, they also hurt economic activity. Thus, we include as a covariate the fraction of war years (including both inter-state and civil wars) over the total period length for which growth data are available, a variable called war years.
Finally, regime transitions are more likely for countries that start out with a value of our democracy index, polity2 , closer to the threshold of zero. At the same time, a high initial value of polity2 might have an independent effect on the economic consequences of regime changes (for instance because a regime change might correspond to a more gradual transition). For this reason, we also consider including the value of polity2 in the first year a country enters the sample. As we shall see, however, the inclusion of this variable increases a great deal the predictive power of the logit regressions in the sample of autocratic transitions. This, in turn, leads to a much smaller set of treated countries that safely meet the common support condition. Hence, we discuss results with and without the initial value of polity 2.
The results of the logit regressions are displayed in Table 2 . Columns 1 and 2 refer to the democratic transitions sample, with and without the inclusion of the initial value of polity2. Domestic democratic capital considerably raises the probability of a transition towards democracy, as expected. Foreign democratic capital has a similar positive effect, but this effect is not statistically significant. The frequency of wars discourages democratic transitions, an effect that is statistically significant. Income relative to the US has no effect. Finally, the inclusion of the initial value of polity2 makes no difference. Overall the pseudo R 2 (the improvement in the likelihood associated with the inclusion of the covariates in addition to a constant) is 0.17, suggesting that these covariates leave a lot of residual variation unexplained.
Columns 3 and 4 refer to the autocratic transitions sample, with and without the initial value polity2. Here income relative to the US has strong predictive power, with richer countries less likely to relapse into autocracy, as expected. 10 Foreign democratic capital also helps to predict transitions to autocracy, although here the sign is opposite of what one would expect. As anticipated, the inclusion of the initial value of polity2 makes a big difference: the variable is highly significant and with the expected sign, and when it is included the Pseudo R 2 jumps from 0.43 to 0.61. Overall, these covariates help to predict transitions from democracy to autocracy much better than transitions in the opposite direction. As already discussed, this is a mixed blessing, since it makes the selection on observables assumption more credible, but at the same time strains the credibility of the common support assumption. Figure 1 depicts the density of the estimated propensity score from columns 1 and 3 respectively of Table 2 (i.e., the specification that does not include the initial value of polity2 ), for both treated and control countries. Observations outside of the common support we impose are dropped and not displayed in Figure 1 (see the discussion in the next subsection). As one would expect from the estimation results, the distribution of the propensity scores for the treated and the controls are more similar in the sample of democratic transitions, where treatment is predicted less well, than in the sample of autocratic transitions. Both samples display considerable overlap between treated and control countries, however. Overall, the figure suggests that matching should work well, at least if the local comparisons are made within relatively broad regions of the propensity score (a coarse balancing function), so as to guarantee overlap .
Countries inside the common support
The first column of Tables 3a and 3b report the full list of countries in each of the two samples. These are sorted in ascending order of the estimated propensity scores, which are displayed in the third column. To facilitate reading the table, the name of treated countries are indicated by boldface font, whereas the name of control countries are not. The same information is given in column 2: the variable treated in the second column equals 0 for the countries in the control group and 1 for the countries in the treated group. The last two columns of each table report the change in polity2 in the year of the regime transition, and the year of that (those) transition(s).
It is important to verify that the common-support assumption is not obviously violated, and possibly to drop observations for which the estimated propensity score is too close to its bounds of 0 and 1. Consider the democratic transitions sample in Table 3a . At the lower bound (the top of the table), we are comfortably away from 0. The first observation, Yemen, is a control with an estimated propensity score of 0.17. The third observation, Iran is the first treated country (according to our generous definition, Iran became a democracy in 1997), with an estimated propensity score of 0.28. At the upper end (the bottom of the table), instead, several treated countries are predicted very well to switch into democracy. There is no firm rule for how to deal with this situation. We choose to drop all treated observations with a propensity score above 0.9. This has the advantage of not drawing inferences from Guatemala (the unique country to experience two long spells of democracy), and gives a fair margin away from unity. Adopting a higher upper bound and including more countries would not affect the estimates. But the results are sensitive to a more conservative, lower upper bound, essentially because Haiti (with an estimated propensity score of 0.887) is a large outlying observation which makes some difference. We comment more on this below.
Next, consider the autocratic transitions sample in Table 3b , where we face the opposite problem. The controls (that remained democracies throughout) are predicted very well around 0 and there is little overlap with treated countries, while at the upper end the lack of overlap is less serious. Here, we choose to drop all observations with an estimated propensity score below 0.075 and above 0.93. At the upper end the choice is made so that the Nigeria and Uganda (the only two treated countries with multiple spells of autocracy) are dropped from the sample. But adopting a higher or lower threshold would not change the results. At the lower end, one outlying observation matters quite a bit for the results: Belarus, which starts out as a (weak) democracy, and drops into dictatorship after a few years. Since the time period where we have data for Belarus is very short, and since the next treated country is Greece with a much higher propensity score (0.19 vs. 0.07 for Belarus), we choose to be conservative and exclude Belarus from the common support. At the low end, we thus start the sample with Austria, a control with a propensity score slightly above 0.075. Adopting an even more conservative, higher bound for the common support does not affect the final results.
The balancing property
To what extent is the propensity score a balancing function, i.e., how well does our matching on the propensity score balance the distribution of relevant covariates across treated and control countries? The answer to this question is important, because this is where the value added of this methodology lies. Tables 4a and 4b provide the answer for our two samples of democratic and autocratic transitions.
Each double row in the table refers to a specific covariate. We consider all covariates included in the logit regressions of Table 2 (including the ini-tial value of polity2 ), plus three dummy variables for continental location (in Latin America, or Asia, or Africa). The upper single row (labeled unmatched) for each variable displays the simple average of that variable in the treated groups and control group, respectively, plus the tstatistic and the p-value for the null hypothesis that these averages are the same in the treated and control group. This first set of statistics is calculated over the full set of countries listed in Tables 3a and 3b , respectively, before imposing the common support assumption. Clearly, the null of equal means is rejected for many variables in either or both of the tables. Thus, treated and control countries differ systematically with regard to economic development (relative income), political history (domestic democratic capital ), and -political geography (foreign democratic capital). Initial democracy as measured by polity2 is also very different in the treated and control groups in the "autocratic transitions" sample. Finally, the treated and control groups also seem to be drawn from different continents (in particular with regard to Latin America and Africa).
The lower single row for each variable (labeled matched) present a similar set of statistics calculated in a different way. First, we impose the common support assumption for both the treated and the control countries, as discussed above. We then calculated the means for the treated countries. Clearly, this changes their means for the treated group. Second, we display the matched means for the control countries, namely a weighted average where each control country receives a weight based on the propensity score, corresponding to the matching procedure described in the next subsection (see also equations (7) and (8) 
above).
Clearly, matching equalizes the means of all covariates used in the logit regression. Interestingly, it also reduces the difference in means of some of the other covariates, Africa and Latin America in Table 4b , Latin America in Table 4a . This gives some credence to our earlier expectation that observed (included among the covariates) and unobserved (not included among the covariates) country characteristics may be correlated. In the autocratic transitions sample, however, the variable initial value of polity2 retains a very different distribution in the treated and control groups, which suggests the importance of also conditioning on the initial value of polity2 in this sample.
Overall, and with the caveat just mentioned on initial value of polity2, matching seems indispensable to achieve a balanced distribution of covariates between treated and control countries -the so-called balancing property. Without matching based on the propensity scores, the two samples are quite different. This means that the assumption of linearity can not be treated as an innocuous linear approximation. Various interaction effects may thus bias the inference drawn from traditional difference-in-difference regressions.
Matching Estimates
With the preliminaries of the previous section in hand, we are ready to estimate the effect of political transitions on the treated countries. This section is devoted to the estimation results.
Democratic transitions
We start with transitions towards democracy. To get a benchmark, we start by reporting linear regression estimates obtained with a two-step procedure suggested in a recent paper by Bertrand et al. (2004) . The purpose of that procedure is not to address heterogeneity giving bias in the coefficients, but serial correlation yielding (upward) bias in the standard errors. The procedure treats the data in a similar way, however, in its averaging the outcome of interest before and after the treatment. Because they impose the parametric assumptions of a linear regression, these estimates provide a useful perspective on the final results from the non-parametric matching procedure.. Specifically, the Bertrand et al estimates are obtained as follows. In a first step, growth is regressed against country and year fixed effects in a sample with yearly data from all countries, treated and controls. Then, the estimated residuals of the treated countries only are retained and averaged before and after each country's transition date. This yields a panel of two periods with only treated countries. Finally, the averaged residuals in this panel are regressed against a constant and a dummy variable, which is equal to 1 in the second period (after the transition) and 0 in the first (before the transition). The estimated coefficient and standard errors thus correspond to the difference in difference estimator of the average effect of transition in the treated countries. As explained by Bertrand et al. (2004) , this procedure removes the serial correlation in the yearly residuals -a potential problem in the yearly regressions of Table 1 .
Column 1 of Table 5 implements this procedure for all countries in the democratic transitions sample, where the control countries are those that re-mained autocracies throughout and the treated are those that made a transition to democracies. The estimated coefficient, although not statistically significant, implies an average growth acceleration of 0.6 percentage points after transitions to democracy. Despite the different procedure and specification, this estimate is remarkably similar to that reported in Table 1 , column 2 (contrary to Table 1 , the first step does not include initial income, indicators for wars, socialist transitions, and continents interacted with years). In the democratic transitions sample, the average date of reform is in the late 1980s, with about twelve years of post-transition growth. This implies an average effect on per capita income at the end of the sample of about 7-8 percent. This estimate is consistent with the long-run effects on income implied by Table 1 . In column 2 of Table 5 , we drop control and treated countries outside of the common support defined in the Section 5 (cf. Table 3a ). The point estimate increases a bit, but remains statistically insignificant.
Columns 3 to 6 of Table 5 present the matching estimates. In columns 3 and 4, the underlying specification of the propensity score does not condition on the initial value of polity2, while in columns 5 and 6 it does. All estimators are based on Kernel matching, i.e., the weight on specific controls are declining in their distance in propensity score to the treated country they are matched with. Columns 3 and 5 weigh control countries with the Epanechnikov measure, which gives zero weight to all controls whose estimated propensity score differs by more than 0.25 to that of the treated country. Columns 4 and 6 use a Gaussian kernel, which gives all control countries weights that approach zero for the more distant controls -see Leuven and Sianesi (2003) for more detailed information. Note that each country in the control group is used several times in the matching, particularly when we use the Gaussian kernel. As explained in Section 2, we compute two sets of standard errors: the lowermost parenthesis below each point estimate corresponds to an upper bound.
All our estimates form a consistent picture despite the different covariates and matching procedures. The point estimate of the effect of democratic transitions ranges between 0.83 and 1.08, an economically relevant effect that is considerably higher than the linear estimates. Recalling that the effect refers to average growth during an average post-transition period, which lasts about twelve years, a growth acceleration of 1 percent implies that per capita income is 13 percent higher at the end of the sample. Despite the magnitude of the point estimate, the standard errors are large enough that the effect remains statistically insignificant. This is not unexpected, given that matching estimators are not likely to be very precise in such a small sample. To say it differently: we are trading off unbiasedness against efficiency.
An important property of the matching estimation procedure is that it directs our attention to heterogenous effects of democratic transitions in different countries, pointing to influential observations and to other relevant features of the data. Figures 2 and 3 explore these issues. percent. There are some outliers in the group of control countries as well, but these are less influential because the control group is much larger than the treated group. More importantly, the distribution of the change in growth in the control countries is clearly tilted to the left and has its mass below zero. Thus, the positive point estimate in Table 5 is not due to an improvement in growth in the countries that became democratic (with the exception of Haiti), but rather due to a deterioration of growth in the control countries that remained autocracies. In other words, under a causal interpretation, by becoming democracies the treated countries avoided the growth slump that hit the permanent autocracies in the control group. Figure 3 displays the contribution to the average growth effect of treated countries by their propensity scores. Specifically, the vertical axis plots the estimatorα i defined above, namely the estimated effect in treated country i, while the horizontal axis reports the estimated propensity score in country i expressed as the average change in growth rate (in percentage points per year) . 11 This figure reveals that there is no systematic relationship between the individual treatment effect and the estimated probability of treatment. This is reassuring, because selection into treatment is not systematically correlated with performance, in accordance with the identifying assumption. The figure also shows that the growth effects of democratic transitions are very heterogeneous across countries, with impact effects ranging from −5 to +5 percentage points. Together with the unbalanced distribution of covariates across treated and control countries (cf . Table 4a and 4b), this suggests that the linear estimates are quite fragile. As already noted, Haiti remains an influential outlier even after matching (dropping Haiti from the sample would reduce the estimated growth effect almost by a half). Finally, note that much of the heterogeneity in the effect of treatment derives from less developed countries with rather fragile democratic institutions, such as Uganda, Guyana, Congo, Romania. This is not unexpected, because growth is likely to be more volatile in such countries, and autocracies are likely to be associated with highly corrupt and bad dictatorships. It is reassuring, however, that we find no systematic relationship between these heterogeneous effects and some of the observed covariates, such as per-capita income or the intensity of the treatment (as measured by the change in the polity2 score associated with democratic transitions). This can be guessed already by a cursory look at the symmetric distribution of countries in Figure 3 , and is confirmed by a more careful analysis where we regress the individual treatment effect against the observed covariates.
Autocratic transitions
Finally, we turn to the autocratic transitions sample with countries treated with a transition to autocracy and a control group of democracies which are politically stable during the sample period. The estimates are displayed in Table 6 , with columns exactly analogous to those of Table 5 . Here, the estimates captures the effect of transition to autocracy, and thus we expect them to have a negative sign.
Consider the two-step linear estimates in columns 1 and 2. In this case, it makes a big difference whether or not we impose the common support. When all observations are included (column 1), the effect of a relapse into autocracy is essentially zero (a point estimate of 0.17, with a large standard error). Dropping all observations outside of the common support (column 2), however, turns the estimate negative and almost statistically significant: according to the point estimate, a transition to autocracy cuts average yearly growth by 0.84 percent. As shown in Table 3b , the observations outside the common support are made up by a large group of very solid democracies, unlikely treated Belarus, and a few African countries at the opposite extreme of the propensity score. Belarus in particular is a very influential observation, because its growth rate accelerates dramatically towards the end of the sample when it also turns to autocracy. These countries are indeed very different from most of the other countries in the sample. Thus the estimates in column 2, which restrict attention to countries on the common support, may be the most reliable.
The remaining columns of Table 6 report the matching estimates, which all deliver a similar and robust message. A transition into autocracy cuts average yearly growth by a statistically significant and large amount, which ranges from −1.6 to −2.4 percentage points. The average year of autocratic transition is about 1975. This makes the level effects at the end of the sample very large: a reduction in the post-transition growth rate of, say, −1.8 percentage points sustained for 25 years corresponds to a 45 percent loss of per capita income.
The estimated treatment effect is not particularly sensitive to including the initial value of polity2 among the covariates in the underlying propensity score. This is reassuring, in light of the unbalanced distribution of this variable across the treated and control groups (cf . Table 4b ). However, when the initial value of polity2 enters the estimated propensity score, the number of countries on the common support shrinks further, because treatment is predicted quite well. 12 As a result, the estimates become more sensitive to the weighting procedure (cf. columns 5 and 6). Figure 4 contrasts with the democratic transition case in Figure 2 , in that the treated group has a distribution with mass below a zero change in growth, while the distribution for the group of control counties seems centered at, or slightly above, zero. Thus, the estimated negative growth effect of autocracy is mainly due to a growth deccelaration in countries that relapsed into autocracy. Once we impose the common support, there appears to be no influential outliers in the group of treated countries. Figure 5 plots the estimates of the individual treatment effects against the estimated propensity scores. 13 As in Figure 3 , there is considerable heterogeneity. But we detect no systematic relation to the estimated propensity score (nor against other covariates). Moreover, no single treated country 12 When we condition also on the initial value of polity2 we change the range corresponding to the common support to those treated and control countries with an estimated common support in the range (0.11-0.98). In Table 5 , the definition of the common support remains instead the same irrespective of whether we condition or not the initial value of polity2. 13 The estimates refer to column 3 in Table 6 .
26 appears particularly influential. Instead, most countries have a large and negative effect of treatment, suggesting that the large negative estimate of the average effect in Table 6 is quite robust.
Concluding Remarks
We have estimated the effect of political regime transitions on growth in a new way, paying close attention to heterogenous effects. Our non-parametric matching estimates suggest that previous parametric estimates may have seriously underestimated the growth effects of democracy. In particular, we find an average negative effect on per capita income of leaving democracy as large as 45 percent over the sample. We also find clear indications that the discrepancies relative to the parametric results are driven by large differences in the composition of the treatment and control groups, making linearity a doubtful assumption. While our matching estimates do allow for heterogeneity in a very general way, it is important to recall that they rest on the specific assumption of selection on observables.
As far as we know, our paper is the first to combine matching and difference in differences in a macroeconomic context. This seems a promising avenue for further work on the effects of reform. In the context of political reforms and growth, it would be natural to investigate the effects of different types of democracy (or different types of autocracy, as do Besley and Kudamatsu, 2007). But similar estimation techniques could be used to empirically analyze also other types of reform, where we might suspect the effects to be quite heterogenous. Reforms introducing central bank independence and/or inflation targeting may be a particular case in point.
Appendix
Here we compute the standard error of the estimatorα given in (8) -see also Lechner (2000) for a similar derivation. Combining (8) and (7), we have:
Suppose that all treated countries have the same variance σ 2 T = V ar(g i | i is treated), and that all control countries also have the same variance, σ 2 C = V ar(g j i | i is treated, j is a control). Assume further that w i,j are known scalars, and that all g i observations are mutually uncorrelated. If g j i and g j k are also mutually uncorrelated for i = k and all j, then
This is our lower bound for the estimated variance of α. Suppose instead that g j i and g j k are perfectly correlated for i = k, but that g j i and g l i are mutually uncorrelated for j = l (i.e. observations corresponding to different control countries are mutually uncorrelated, while observations drawn from the same control are perfectly correlated when that control is used several times for different treated countries). Then:
This is our upper bound for the estimated variance ofα.
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Note: The estimates correspond to columns 1 and 3 respectively of Table 2 
